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Abstract: Unmanned aerial vehicle (UAV) based hyperspectral images linked to a radiative transfer model 13 
can provide a promising approach for high throughput monitoring of plant nitrogen (N) status. In this study, 14 
multiple lookup tables (Multi-LUTs), each LUT corresponding to one growth stage, were constructed based 15 
on the N-PROSAIL model, a radiative transfer model, and LUT size was optimized for improving computing 16 
efficiency. The objective is to use the constructed Multi-LUTs for estimating canopy N density (CND) in 17 
winter wheat. Results suggest that Multi-LUTs of leaf area index, leaf N density and two spectral indices 18 
(MSR and MCARI/MTVI2) in winter wheat demonstrate good performance of CND estimation; and LUTs 19 
with the optimal size of 6000 rows can yield good accuracy. The R2 and nRMSE values of the regression 20 
relationship between estimated and measured CND were 0.83 and 0.23 from field hyperspectral data, and 0.69 21 
and 0.27 from UAV based hyperspectral imagery during the 2014-2015 growing season. CND by Multi-LUTs 22 
method was also accurately estimated from field hyperspectral data during the 2013-2014 growing season, 23 
with R2 and nRMSE values of 0.74 and 0.26. The estimation accuracy of CND based UAV data was a slightly 24 
lower than based field data. The resultant thematic CND map accurately exhibits CND variability at varying 25 
spatial and temporal scales. Results from this study confirmed the potential of combining UAV based 26 
hyperspectral imagery and physical optics approach for estimating CND in winter wheat. 27 
Keywords: Canopy nitrogen density; Look up table; Unmanned aerial vehicle platforms; Hyperspectral 28 
image; Winter wheat 29 
  
1. Introduction 30 
Nitrogen (N) has been commonly identified as the primary nutrient element for winter wheat, for the 31 
following reasons: (1) 85% of the total N in plant is contained in proteins; (2) it also contributes in the 32 
biochemistry of many nonprotein compounds (e.g., co-enzymes, photosynthetic pigments, polyamines); and (3) 33 
cellular metabolism in any plant depends on these stored and mobile N compounds (Zhao et al., 2012; Rhezali 34 
et al., 2017). N status in winter wheat is a significant consideration in field fertilizer management (Diacono et 35 
al., 2013). Shortage or excess of leaf N, an essential element in chlorophyll and enzymes related to 36 
photosynthesis, will directly result in a change of photosynthate and yield production (Clevers et al., 2013). 37 
Additionally, accumulation of N in plant organs account for 70-80% of grain quality formation in winter wheat 38 
through N translocation at the filling stage (Li et al., 2015b). Therefore, an accurate estimation of plant N status 39 
is vital for determining final wheat production and quality, increasing N use efficiency, and minimizing 40 
environmental pollution. 41 
Traditional lab analysis, e.g., soil nitrate-N (NO3
−-N) or ammonium-N (NH4
+-N) tests and plant Kjeldahl 42 
N analysis are useful, but are labor-intensive, time-consuming and expensive methods for crop growth diagnosis 43 
(Zhao et al., 2012). In contrast, rapid real-time monitoring by remote sensing is widely researched for plant N 44 
and other crop growth variables estimation (Jay et al., 2017). Many spectral features and vegetation indices 45 
have been proposed and used to build crop N models. Representative spectral indices included Normalized 46 
Difference Nitrogen Index (NDNI) (Serrano et al., 2002); Canopy Chlorophyll Content Index (CCCI) (Elshikha 47 
et al., 2008); Double-peak Canopy Nitrogen Index (DCNI) (Chen et al., 2010); Water Resistance N Index 48 
(WRNI) (Feng et al., 2016); and MERIS terrestrial chlorophyll index (MTCI) (He et al., 2017). Moreover, 49 
artificial intelligence methods, e.g. partial least squares regression (PLSR) (Ecarnot et al., 2013), artificial neural 50 
networks (ANN) (Zhang et al., 2013), the optimal combination principle (OCP) (Xu et al., 2014), and support 51 
vector machines regression (SVR) (Li et al., 2016), have been widely reported in crop N estimation and showed 52 
better estimation than using only sensitive spectral feature or indices. These methods have the advantage of 53 
being convenient to calculate, but some models are not suitable for some change of growth stages and 54 
environmental conditions (Dorigo et al., 2007; Li et al., 2015a). The physical model inversion approach, e.g. 55 
the N-PROSAIL model retrieval method, has proved a suitable physical model to retrieve N status (Yang et al., 56 
2015; Li et al., 2018), and can be used with imagery from UAV sensors (Yu et al., 2017). This approach for N 57 
estimation is not influenced by growth stage and environmental conditions, but the time-consuming inversion 58 
process is a weakness and limits the application, especially for satellite imagery and unmanned aerial vehicles 59 
(UAV) data (Dorigo et al., 2007; Jin et al., 2018). A lookup table (LUT) approach could be an improved faster 60 
  
solution and reduce computational demand, although computing time and LUT size will significantly increase 61 
when utlising multi-parameter combinations (Dorigo et al., 2007). Thus, computing efficiency and LUT size 62 
are factors in assessing the success of high throughput crop N status from the field-to-UAV image.  63 
The development and application of UAVs have increased dramatically over the past five years (Yang et 64 
al., 2017b). A UAV platform equipped with different sensors is becoming a promising approach for high 65 
throughput monitoring of plant variables, e.g. leaf area index (LAI) (Yao et al., 2017), plant N status (Ballester 66 
et al., 2017), aboveground biomass (Barmeier et al., 2017), plant architecture (Yue et al., 2017), and plant 67 
density (Jin et al., 2017). It overcomes the shortcomings, and complements the advantages, of satellite imagery 68 
and hyperspectral field data in terms of spectral resolution, spatial resolution and data acquisition flexibility 69 
(Yang et al., 2017a). Previous studies on the use of UAVs for plant N status monitoring have been reported 70 
(Ballester et al., 2017). Although to date, spectral features or indices, e.g., normalized difference vegetation 71 
index (NDVI) and normalized difference red edge index (NDRE), were the dominant method for plant N 72 
assessment (Krienke et al., 2017); a physical approach for plant N estimation using imagery sourced from a 73 
UAV based platform was rarely reported. There is an opportunity for estimating plant N information from 74 
UAV-based hyperspectral imagery enhanced with the physical model method.  75 
Therefore, the overall objective of this study was to: i) construct Multi-LUTs based on different growth 76 
stages, and optimize LUT size for improving computing efficiency; and ii) test the performance of canopy N 77 
density estimation by using field, and especially UAV based, hyperspectral data. 78 
2. Materials and Methods  79 
2.1 Experimental design 80 
The experiments were carried out during the 2013-2014 and 2014-2015 growing seasons at the 81 
Xiaotangshan Experimental site (116°26'36"E, 40°10'44") in Beijing, China (Fig. 1). Li et al. (2015b) present 82 
detailed climate and soil information for this area. Testing in 2014-2015 was conducted with an orthogonal 83 
experimental design with three replications of two wheat cultivars, four N fertilizer application rates, and three 84 
irrigation rates (Fig. 1). The experimental design in 2013-2014 was applied also in 2014-2015 with the only 85 
difference being alternative cultivar planting in the experimental plots. Other management procedures including 86 
weed control, pest management, and phosphate and potassium fertilizer followed local standard practices for 87 
winter wheat production.  88 
[Fig. 1] 89 
  
2.2. Data acquisition 90 
2.2.1 Field canopy hyperspectral reflectance data 91 
Canopy hyperspectral reflectance of each plot was obtained at four critical growth stages: stem elongation 92 
(11st Apr 2014 and 14th Apr 2015; Zadoks growth stage (Z.S.) 31); booting (20th Apr 2014 and 26th Apr 2015; 93 
Z.S. 47); anthesis (7th May 2014 and 12nd May 2015; Z.S. 65); and milk development (20th May 2014 and 26th 94 
May 2015; Z.S. 75), of winter wheat (Zadoks et al., 1974). An ASD FieldSpec Handheld spectrometer 95 
(Analytical Spectral Devices Inc., USA) with a spectral range of 350-2500 nm and a view angle of 25° was 96 
used to collect canopy reflectance under clear sky conditions, between 10:00 a.m. and 2:00 p.m. Beijing time. 97 
The sample interval and resolution of the spectrometer were 1.4 nm and 3 nm from 350 nm to 1050 nm, and 2 98 
nm and 10 nm from 1050 nm to 2500 nm. The instrument was held at the height of 1.0 m above the canopy at 99 
different growth stages to ensure matching instrument parameters. To reduce the effects of sky and field 100 
conditions, 20 canopy reflectance curves at an optimized combination time at each site were acquired and 101 
averaged to represent the canopy reflectance of each plot. A 40 × 40 cm BaSO4 calibration panel was used for 102 
calculating the black and baseline reflectance before and after measurements. The raw canopy and calibration 103 
panel digital numbers were collected and interpolated to 1 nm using a ViewSpecPro software (Analytical 104 
Spectral Devices Inc., USA). 105 
2.2.2 UAV platform and snapshot hyperspectral image 106 
Limited by the weather conditions, only two flight dates, 26th April 2015 and 13rd May 2015, were 107 
consistent with plant measurement date, and were used for estimating CND. The UAV based data acquisition 108 
system used in this study was designed by the National Engineering Research Center for Information 109 
Technology in Agriculture (NERCITA) of China (http://www.nercita.org.cn/English/e_index.asp). The system 110 
includes a DJI S1000 UAV with eight rotors (SZ DJI Technology Co., Ltd., Shenzhen, China), a DJI remote 111 
controller, a UHD 185 Firefly (UHD 185) hyperspectral system (Cubert GmbH, Ulm, Germany), and a GETAC 112 
laptop with post-processing software (Fig. 2). The UHD 185 is a snapshot hyperspectral sensor, small (195 × 113 
67 × 60 mm) and lightweight (about 470 g) with basic parameters shown in Fig. 2. Before the flight, 114 
hyperspectral cubes of the Spectralon panel and covered black mirror were collected for correction and 115 
calibration of the hyperspectral images. Moreover, one artificial directionally isotropic (near-Lambertian) tarp 116 
was placed on experimental site. The UAV based acquisition system was flown at an altitude of 50 m above the 117 
ground with a fixed speed of 5 m/s, and the calculated ground sampling distances (GSD) were 0.017 m and 0.34 118 
m for panchromatic and hyperspectral images. The processing of the acquired hyperspectral images included 119 
  
image stitching, precise radiometric calibration, and digital orthophoto mapping achieved using post-processing 120 
software such as Cubert (Cubert GmbH, Ulm, Germany), Agisoft PhotoScan (Agisoft LLC, St. Petersburg, 121 
Russia), and ENVI 5.1 (HARRIS geospatial, Wokingham, UK). A digital orthophoto map (DOM) and 122 
radiometric calibration for images taken by the snapshot hyperspectral camera mounted on a UAV platform 123 
were integrated in this study, and the detailed processing flow is presented in Yang et al. (2017a).  124 
[Fig. 2] 125 
2.2.3 Plant measurement 126 
Ground destructive sampling at spectral measurement positions was collected at appropriate times by 127 
randomly cutting 0.25 m2 in each plot, and the number of tillers was counted. 20 representative wheat tillers 128 
were randomly sampled from the cut plants: all green leaves were separated from the stems, and the leaf area 129 
of the 20 representative wheat tillers was used to measure leaf area index (LAI, m2 m-2 soil) and leaf nitrogen 130 
density (LND, µg cm-2 leaves). LAI was calculated from using the CI-203 laser leaf area meter (CID Bio-131 
Science, Inc., Washington, USA) and normalized to the number of tillers. LND was calculated as the leaf 132 
nitrogen concentration (g g-1) using a Carlo-Erba NA 1500 dry combustion analyzer (Carlo Erba, Milan, Italy) 133 
reading multiplied by the specific leaf area (Cm in the PROSAIL model, g m-2 leaves), based on leaf dry mass 134 
(g per sample) and leaf area (m-2 per samples). Canopy nitrogen density (CND, g m-2 soil) was derived by 135 
multiplying LAI by LND. The statistics of collecting samples are summarized in Table 1. 136 
[Table 1] 137 
2.3. Multi-LUTs method and CND estimation 138 
In this study, Multi-LUTs were constructed based on different calibrated parameters set at different growth 139 
stages. CND in winter wheat from field and UAV hyperspectral data was estimated in the following steps: 140 
[Fig. 3] 141 
(1) Monte Carlo sampling: LAI and LND determine the CND value and they each have different intervals at 142 
different growth stages (Table 2). A random sampling of LAI and LND of each growth stage was 143 
determined by a Monte Carlo method in MATLAB (v2007, MathWorks, Inc., USA). Meanwhile, the 144 
number of entries or records in the constructed LUT was varied from 500 to 10000. Each was tested to 145 
determine the minimum sized LUT with a satisfactory accuracy, so that storage space for the LUT could 146 
  
be minimized and computing speed of estimation could be optimised. Further, independent Monte Carlo 147 
sampling for each LUT was undertaken 10 times to avoid the influence of sampling effects.  148 
[Table 2] 149 
(2) Applying the N-PROSAIL model: The N-PROSAIL model, a radiative transfer model, is a combination of 150 
the N-PROSPECT leaf model (Yang et al., 2015) and SAIL canopy model (Verhoef et al., 1984). In the N-151 
PROSPECT model, LND as a model input substituted the leaf chlorophyll content (Cab) and its specific 152 
absorption coefficients of chlorophy ll in the original PROSPECT model (Jacquemound et al., 2009), with 153 
equivalent nitrogen absorption coefficients (Yang et al., 2015). LAI is one input of the SAIL model, but 154 
other parameters, each at different growth stages are also included: these are calibrated by many years’ 155 
local experimental data (Table 2) (Li et al., 2018). One point is needed to clarify that some parameters (Soil 156 
brightness parameter, solar zenith angle, and hot spot parameter) in N-PRPSAL model was narrow and 157 
suitable in the study area. Calibration and computing based on study region is needed (Li et al., 2018). In 158 
this)study, the randomly generated LAI and LND model parameters corresponding to each growth stage 159 
were input to the N-PROSAIL model and reflectance values were simulated.  160 
(3) Multi-LUTs construction: two vegetation indices (VI) were derived – the Modified Simple Ratio (MSR) 161 
and the Ratio of MCARI and MTVI2 (Modified Chlorophyll Absorption Ratio Index [MCARI], modified 162 
triangular vegetation index [MTVI2]) (Table 3). MSR used two bands (670 nm and 800 nm), whilst the 163 
second ratio involved four bands (550 nm, 670 nm, 700 nm, and 800 nm), and hence was given a higher 164 
weighting in later application of a cost function (next section). These two ratios demonstrated a higher 165 
correlation with LAI and LND respectively than other vegetation parameters in this study (Li et al., 2018). 166 
The N-PROSAIL-simulated MSR and MCARI/MTVI2 values were calibrated, and total of four separate 167 
LUTs (i.e. Multi-LUTs) at the four growth stages of winter wheat were constructed. Each consisted of LAI, 168 
LND, CND, MSR, MCARI/MTVI2 (i.e. the majority of parameters listed in Table 2 were removed from 169 
the LUTs) (Fig. 4).  170 
[Table 3] 171 
(4) CND estimation: The constructed Multi-LUTs can be used to estimate CND: this firstly involved selecting 172 
the appropriate LUT corresponding to the growth stage. Field or UAV based MSR and MCARI/MTVI2 173 
were calculated and compared with each record of MSR and MCARI/MTVI2 in the LUT using the 174 
following cost function: 175 
 𝐽 =∑ 𝛼√(𝑉𝐼𝑚𝑖 − 𝑉𝐼𝑠𝑖)2/𝑉𝐼𝑚𝑖
2
𝑖=1
 (1) 176 
  
Where J is the value of cost function; VIm and VIs are the measured vegetation indices and simulated 177 
vegetation indices of each LUT record; 𝛼 is the weight factor of each spectral indices in cost function, with the 178 
values were set as 0.2 and 0.8 for MSR and MCARI/MTVI2, respectively, empirically determined as giving a 179 
good estimated accuracy with trail-and-error method. 180 
[Fig. 4] 181 
2.4 Statistical analysis 182 
Field hyperspectral data collected from the 2014-2015 growing season (n = 192) was first used for testing 183 
the accuracy at the different size of the LUT. The optimized Multi-LUTs method for CND estimation was 184 
validated by the field hyperspectral data from the 2013-2014 growing season (n = 192), and also evaluated by 185 
UAV based hyperspectral imagery at Z.S. 47 and Z.S. 65 from the 2014-2015 growing season (n = 96). The 186 
determination coefficient (R2) and normalized root mean square error (nRMSE) (Eq. 2 and 3) were used to test 187 
the general performance of the Multi-LUTs method in this study.  188 
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where n is the number of observations; iS  and iM  are the ith simulated and measured data, respectively; 191 
and M  is the mean value of measured data. A higher R2 and a lower nRMSE indicated higher precision and 192 
accuracy of the inversion. All calculations were made using MATLAB (v2007, MathWorks, Inc., USA), and 193 
all graphs were made using the Origin Pro 8 (OriginLab Cor., Northampton, USA), R statistical software 194 
RStudio (v1.0.44, RStudio Inc., USA), and ArcGIS 10.1 (ESRI, Redlands, USA). 195 
3. Results 196 
3.1. Intercorrelation of the various bio-physical variables 197 
Correlation coefficients among the wheat bio-physical variables at different growth stages were analyzed 198 
based on the 2014-2015 growing season (Table 4). Results showed that all intercorrelations of the various bio-199 
physical variables (LAI, LND, and CND) showed significant differences (p-value < 0.05), and even highly 200 
significant differences (p-value < 0.01) showed between agronomic variables but the correlation with LAI and 201 
LND at Z.S. 31 and Z.S. 47. CND exhibited a higher positive correlation with LAI (r = 0.93) than with LND (r 202 
  
= 0.58), where the result was even demonstrated at different growth stages. This is explained by larger variation 203 
of LAI compared to LND (Table 2). 204 
[Table 4] 205 
3.2. Multi-LUTs test based on field hyperspectral data 206 
The relationship between the accuracy of estimated CND and the size of the LUT was tested first (Fig. 207 
5a). Results showed that when the number of LUT records was less than 1000, CND estimation accuracy was 208 
overly influenced by the values of Monte Carlo sampling: the variation of CND estimation results from the 209 
values of Monte Carlo sampling was calculated, with R2 and nRMSE values between estimated CND and 210 
measured CND at LUT size of 500 ranging from 0.76-0.82 and 0.28-0.24. The fluctuations decreased rapidly 211 
with increasing size of LUT with higher R2 and lower nRMSE values between estimated CND and measured 212 
CND: higher precision and accuracy was thus assured as LUT size increased. Beyond a size of 6000 records 213 
there little more fluctuation from the Monte Carlo sampling technique, and high accuracy (R2 = 0.83 and 214 
nRMSE = 0.23) was maintained. It is concluded that the optimal size of each Multi-LUT can be set at 6000.  215 
Although removed from the final LUTs, CND estimation using the full range of parameters (with the 216 
exception of solar zenith angle) was tested (Fig. 5b). As can be seen, higher fluctuations, lower values of R2 217 
and higher nRMSE resulted for all LUTs, even with a size of 20000. It is also clear that the precision of CND 218 
estimation is improved with only the two parameters LAI and LND, rather than eight parameters. Multi-LUTs 219 
considering only LAI and LND sampling therefore have advantages in CND estimation, not only in smaller 220 
LUT size and improved computation times, but also in higher accuracy of CND estimation.   221 
[Fig. 5] 222 
3.3. CND estimating performance using field hyperspectral  223 
The optimum size of Multi-LUTs was determined as 6000 for estimating CND in this study. Fig. 6 224 
demonstrates CND estimation results using field hyperspectral data. These show that there is a highly significant 225 
relationship between measured CND and estimated CND. The R2 and nRMSE values at different growth stages 226 
during the 2014-2015 growing season were 0.76 and 0.18 for Z.S. 31, 0.71 and 0.22 for Z.S. 47, 0.77 and 0.24 227 
for Z.S. 65, and 0.77 and 0.41 for Z.S. 75, respectively. Thus, a higher deviation was evident at Z.S. 75. 228 
However, overall, high consistency between the predicted values and the measured values was shown, with R2 229 
and nRMSE values of 0.83 and 0.23 in the whole growth stage. Using the Multi-LUTs method can be applied 230 
to estimate CND from field hyperspectral data at different growth stages. 231 
  
[Fig. 6] 232 
To validate the performance of CND estimation by the Multi-LUTs method, estimated values were 233 
compared with the actual values acquired during the entire growing season of 2013-2014 (n = 192). Results 234 
showed good correlations between estimated and measured values, with R2 and nRMSE values of 0.74 and 0.26 235 
in the whole growth stage. The R2 and nRMSE between estimated and measured values at Z.S. 31, Z.S. 47, Z.S. 236 
65 and Z.S. 75 were 0.56 and 0.21, 0.69 and 0.24, 0.73 and 0.23, and 0.71 and 0.43, respectively. The result 237 
indicated that the Multi-LUTs method yielded a promising model for estimating CND in winter wheat.  238 
3.4. CND estimation using UAV based hyperspectral 239 
To evaluate the estimation accuracy of the Multi-LUTs method for UAV based hyperspectral imagery, 240 
UAV based hyperspectral data (n = 96) at Z.S. 47 and Z.S. 65 were used to compare the predicted values with 241 
actual values (Fig. 7a and 7b). Fig. 7 shows that spatial and temporal variability of canopy nitrogen status in 242 
winter wheat exists in each plot, even with the same fertilizer application. The variation of CND within each 243 
plot could be explained by the growth variation of single plant and management factors, e.g., nitrogen fertilized 244 
was spread applied by hand, which is the main variation within each plot. However, results show significant 245 
relationships between measure CND and estimated CND at each growth stage, with R2 and nRMSE values of 246 
0.66 and 0.29 at Z.S. 47, and 0.72 and 0.22 at Z.S. 65, respectively. The overall performance of CND estimation 247 
through two growth stages are consistent with measured values (R2 = 0.69 and nRMSE = 0.27). Validation 248 
results indicated that using the Multi-LUTs method at UAV based hyperspectral data can be used for improving 249 
the CND estimation accuracy in winter wheat.  250 
[Fig. 7] 251 
[Fig. 8] 252 
Further statistical analysis focused on testing the CND accuracy from UAV hyperspectral data by the 253 
Multi-LUTs method for each treatment regime (Fig. 8b-c). Results showed that CND variation of each treatment 254 
decreased from Z.S. 47 to Z.S. 65, which agrees with knowledge of crop growth process, from vegetation stage 255 
to reproduction stage. Fertilizer application is the primary impact on canopy nitrogen uptake, and the CND 256 
values do increase with the growth of fertilizer application. Meanwhile, irrigation rate also influences canopy 257 
nitrogen uptake. Results showed that the regular irrigation rate (W1) with optimized fertilizer rate (N2 or N3) 258 
was suitable for effective crop nitrogen uptake; the situations at water deficit (W0) or excess (W2) limited the 259 
  
canopy uptake, even when more fertilizer was applied (Fig. 8b-c). The inversion results of CND estimation 260 
from UAV based hyperspectral data with varying nitrogen and water interaction agree with the observations of 261 
several other studies (Wang et al., 2011). The results further indicated that the Multi-LUTs method could be 262 
used to improve CND estimation by using UAV based hyperspectral data and it has excellent potential for CND 263 
estimation in winter wheat. 264 
4. Discussion 265 
4.1 Performance of Multi-LUTs method on estimating wheat CND 266 
In this study, Multi-LUTs based on growth stages in winter wheat were constructed. Only the parameters 267 
LAI and LND, along with corresponding spectral indices were incorporated, as the other parameters initially 268 
used in the N-PROSAIL model led to a lower performance (Fig. 5). The main reason can be attributed to an ill-269 
posed problem in model parameters inversion. Ill-posed problems result from parameter uncertainty in model 270 
inversion and it has been shown that decreasing number of parameters can reduce the ill-posed problem in 271 
model parameters inversion (Li et al., 2015a; Combal et al., 2003; Darvishzadeh et al., 2008). The LUT method 272 
used in this research connects input parameters and output variables beforehand and is a substitute for model 273 
inversion in CND estimation, but the ill-posed problem still exists (Dorigo et al., 2007; Combal et al., 2003). 274 
Therefore, this study suggests that the fewer parameters considered (here reduced to LAI and LND, and derived 275 
vegetation indices), the better the estimation accuracy of wheat CND.    276 
Moreover, the Multi-LUT set with LAI/LND/spectral indices also allowed for a reduction in the size of 277 
each LUT, and inversion speed improved simultaneously. In this study, we can obtain satisfactory CND 278 
estimation results when the size of each LUT was 6000 (Fig. 5a), whereas using eight-parameters for the Multi-279 
LUTs produced fluctuations from the values of Monte Carlo sampling even when the size of each LUT was 280 
above 20000 (Fig. 5b). Clearly, the number of parameters and sampling values influences estimation accuracy. 281 
To illustrate, if ten values in a specific step of each parameter were used for LUT construction, and a 282 
combination of eight parameters are taken into consideration, the size of the resultant LUT is at least 108. A 283 
Multi-LUT set with LAI/LND/spectral indices alone significantly reduces the size of each LUT.  284 
4.2 Influence factors of CND estimation using Multi-LUTs method 285 
Three factors influencing the CND estimation accuracy have been discussed in this study. Firstly, selection 286 
of spectral indices related to LAI or LND impacts retrieval accuracy. MSR, related to LAI, and MCARI/MTVI2, 287 
related to LND, were selected as optimized combination indices in this study, following the conclusions of Li 288 
  
et al (2018). The MSR and MCARI/MTVI2 correlations with LAI and LND respectively are high and they 289 
exhibit a relatively low correlation with each other. Further, these two spectral indices combine more broadly 290 
sensitive wavebands (550 nm, 670 nm, 700 nm and 800 nm) than other combinations, e.g. MSR and NDRE 291 
which addresses more limited bands (670 nm, 720 nm, 790 nm, and 800 nm) (Li et al., 2018).  292 
Secondly, cost function construction has been shown to affect the inversion accuracy. The two spectral 293 
indices, MSR and MCARI/MTVI2, were selected to build a cost function, with respective weighted values of 294 
0.2 and 0.8, which demonstrated the best inversion accuracy. The weights were chosen as (i) MCARI/MTVI2 295 
was correlated with LND, which is one parameter at leaf level. In the inversion of LAI and LND, parameters at 296 
leaf level showed more relative deviation than canopy parameters (Li et al., 2015a; Darvishzadeh et al., 2008). 297 
The higher weight gave more consideration to variation in LND; (ii) MCARI/MTVI2 uses wavebands centered 298 
at 550 nm, 670 nm, 700 nm and 800 nm, which offer more spectral information than MSR (670 nm and 800 299 
nm).  300 
Equally important, the N-PROSAIL model was initially used to simulate the spectral indices based on the 301 
model parameters initially presented in Table 2.  Some model parameters, Cm, Cw, Rsoil, are incorporated as 302 
mean values based on years of measured data at each growth stage. Other parameters, N, hspot, LID, are 303 
calibrated beforehand using optimization algorithm, also based on measured data over many years (Li et al., 304 
2018). The input into the N-PROSAIL model was one statistical mean value or calibrated value for each 305 
parameter at each growth stage: differences among the treatments will inevitably affect the outcome, so further 306 
studies may consider making an adjustment for each parameter to solve the uncertainty.  307 
4.3 Performance of UAV hyperspectral data for CND estimation  308 
In this study, field and UAV based hyperspectral data were validated to evaluate CND estimation. CND 309 
estimation by UAV hyperspectral data (R2 = 0.69, nRMSE = 0.27) has lower accuracy than that by field 310 
hyperspectral data (R2 = 0.83, nRMSE = 0.24 in 2014-2015; R2 = 0.74, nRMSE = 0.26 in 2013-2014). The 311 
UAV system has characteristics which may explain this: (i) sensor stability of the UAV based hyperspectral 312 
sensor, UHD 185, is lower than that of the field hyperspectral sensor, ASD FieldSpec Handheld spectrometer 313 
(Yang et al., 2017a; Yue et al., 2017). Large discrepancies between ASD and UHD 185 spectral reflectance at 314 
wavebands below 466 nm and above 800 nm have been identified (Ballester et al., 2017; Aasen et al., 2015). 315 
Further, image distortion from UAV quiver, weather conditions etc., also has some impact on hyperspectral 316 
quality, mainly at wavebands above 735 nm, although a digital orthophoto map was successfully generated 317 
(Yang et al., 2017a); (ii) atmospheric correction was not applied, given the low-altitude of UAV flight (about 318 
  
50m) (Yao et al., 2017; Yue et al., 2017; Jin et al., 2017; Yang et al., 2017a). However, some influence from 319 
atmospheric scattering and absorption should be recognised. Further work should focus on identifying and 320 
assessing the influence of atmospheric scattering and absorption under different illumination conditions; (iii) 321 
data matching between the UAV-measured value and field hyperspectral data was undertaken by point-to-point 322 
matching, and although these data were acquired on the same day, it was not simultaneous, and the region of 323 
interest for data matching and calibration was not uniform.  324 
However, overall, UAV based hyperspectral data exhibited high performance on CND estimation (Fig. 7 325 
and Fig. 8). A high significance between different treatments was demonstrated, and a healthy linear relationship 326 
between the estimated and measured CND at each growth stage was shown, especially when related to canopy 327 
nitrogen uptake from water and nitrogen interaction (Fig. 8). More importantly, UAV hyperspectral have the 328 
advantage in providing continuous spatial information of crop growth compared to field hyperspectral data.  329 
5. Conclusions 330 
Precision estimation of plant N status is vital for determining final wheat production and quality, 331 
increasing N use efficiency, and minimizing environmental pollution. In this study, Multi-LUTs of LAI, LND 332 
and two spectral indices (MSR and MCARI/MTVI2) in winter wheat, based on the N-PROSAIL radiative 333 
transfer model were constructed, and CND could be estimated efficiently at different growth stages using field 334 
and UAV based hyperspectral data. The major results of this work are summarized as follows.  335 
(1) Multi-LUTs considering only the parameters LAI and LND, along with corresponding spectral indices, 336 
have advantages in CND estimation, not only in smaller LUT size (the minimum size of Multi-LUT of 6000) 337 
and improved computation times, but also in higher accuracy of CND estimation (Fig. 5). 338 
(2) The inversion performance using field hyperspectral data yielded R2 and nRMSE values of 0.83 and 339 
0.23 in the whole growth stage of the 2014-2015 growing season, and high consistency (R2 = 0.74 and nRMSE 340 
= 0.26) between the predicted values and the measured values was shown using data from the 2013-2014 341 
growing season. 342 
(3) UAV hyperspectral data also achieved R2 and nRMSE values of 0.69 and 0.27 through two growth 343 
stages (Z.S. 47 and Z.S. 65) during the 2014-2015 growing season. The resultant CND maps with spatial and 344 
temporal variability were verified consistent with the measured CND data. UAV based hyperspectral data shows 345 
a high potential to estimate canopy nitrogen status in winter wheat using the Multi-LUT method. 346 
Use of UAV hyperspectral imagery offers several advantages for CND estimation. There is an opportunity 347 
for further efforts on improving the accuracy of UAV imagery acquisition and preprocessing. Further efforts 348 
  
are needed to test the Multi-LUT method on satellite-based platform. Furthermore, four critical growth stages 349 
in winter wheat were selected in this study and parameters in the N-PROSAIL model at different growth stages 350 
were set respectively. Further studies should focus on considering more growth stages or a high temporal 351 
resolution.  352 
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Fig. 3. Flowchart of Multi-LUTs method process and evaluation for retrieving CND in winter wheat 465 
 466 
Fig. 4. Structure diagram of Multi-LUTs for CND estimation in wheat in this study 467 
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Fig. 5. The influence of dataset size of Multi-LUTs (a) Multi-LUTs set with LAI/LND/VIs, (b) Multi-LUTs set with eight-469 
parameters/VI (n = 192). Further, independent Monte Carlo sampling for each LUT was undertaken 10 times to avoid the 470 
influence of sampling effects. 471 
 472 
Fig. 6. Relationship between measured and estimated CND based on Multi-LUTs method by field hyperspectral data 473 
during (a) the 2014-2015 growing season, and (b) the 2013-2014 growing season 474 
[Note]: ** represents model significance at the 0.01 level of probability. 475 
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Fig. 7. Wheat CND map (g m-2) estimated using UAV based hyperspectral data with Multi-LUTs method at (a) Z.S. 47 478 
and (b) Z.S. 65 during the 2014-2015 growing season 479 
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Fig. 8. Relationship between measured and estimated CND based on the Multi-LUTs method with UAV based 481 
hyperspectral data (a) and statistical results under different water and nitrogen treatments at (b) Z.S 47 and (c) Z.S. 65 482 
during the 2014-2015 growing season 483 
[Note]: ** represents model significance at the 0.01 level of probability. 484 
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 Table 1. Summary statistics of the observed LAI, LND, and CND in winter wheat 490 
Observed variables Dataset No. Min Mean Max StDev C.V. 
LAI 
(m2 m-2) 
2013-2014 192 0.44 3.19 7.64 1.34 0.42 
2014-2015 192 0.35 3.11 6.33 1.42 0.46 
All  384 0.35 3.15 7.64 1.38 0.44 
LND 
(µg cm-2) 
2013-2014 192 92.29 142.87 191.38 18.26 0.13 
2014-2015 192 54.31 130.02 189.92 25.04 0.19 
All  384 54.31 136.44 191.38 22.81 0.17 
CND 
(g m-2) 
2013-2014 192 0.53 4.54 9.17 1.96 0.43 
2014-2015 192 0.28 4.22 10.35 2.23 0.53 
All  384 0.28 4.38 10.35 2.10 0.48 
 491 
Table 2. Nominal values and ranges of input parameters for the N-PROSAIL model 492 
Parameters 
Parameters setting 
Z.S.1 3.1 Z.S. 47 Z.S. 65 Z.S. 75 
Leaf nitrogen density (LND, µg cm-2) 75-230 70-200 80-200 60-200 
Leaf area index (LAI, m2 m-2) 1.5-6.5 1.0-8.5 0.5-7.0 0.3-4.5 
Dry matter content (Cm, g m-2) 40 36 39 46 
Equivalent water content (Cw, cm) 0.0138 0.0127 0.0098 0.0085 
Leaf structure parameter (Ns) 1.89 1.58 1.39 1.66 
Leaf inclination distribution (LID, deg) 46.9 47.3 45.3 43.4 
Soil brightness parameter (Rsoil) 0.38 0.22 0.17 0.28 
Hot spot parameter (SL) 0.53 0.40 0.36 0.33 
Solar zenith angle (θs, deg) 30 25 22 18 
1 Z.S. represents Zadoks growth stage, and Z.S. no. represents different growth stages in winter wheat. 493 
 494 
 495 
 496 
  
Table 3. Formulation of MSR and MCARI/MTVI2 497 
Vegetation index (VI) Formulation Reference 
MSR (R800/R670-1)/sqrt(R800/R670+1) Chen, 1996 
MCARI/MTVI2 MCARI/MTVI2; 
MCARI: (R700-R670-0.2(R700-R550))(R700/R670); 
Eitel et al., 2007 
MTVI2: 1.5(1.2(R800-R550)-2.5(R670-R550))/sqrt((2R800+1)2-(6R800-5sqrt(R670))-
0.5) 
 498 
 499 
Table 4. Pearson correlation among wheat bio-physical variables 500 
Bio-physical 
variable 
Z.S. 31 (n = 48) Z.S. 47 (n = 48) Z.S. 65 (n = 48) Z.S. 75 (n = 48) All (n = 192) 
LAI LND LAI LND LAI LND LAI LND LAI LND 
LND 0.32* - 0.32* - 0.43** - 0.38** - 0.37** - 
CND 0.88** 0.65** 0.86** 0.60** 0.97** 0.63** 0.96** 0.56** 0.93** 0.58** 
* and ** represent model significance at the 0.05 and 0.01 level of probability, respectively. 501 
 502 
